Background: Driven by alcohol consumption and obesity, the prevalence of non-viral liver disease in the UK is increasing. Due to its silent and slow nature, the progression of liver disease is currently unpredictable and challenging to monitor. The latest National Institute for Health Care Excellence cirrhosis guidelines call for a validated risk tool that would allow general practitioners to identify patients that are at high risk of developing cirrhosis. Methods: Using linked electronic health records from the Clinical Practice Research Datalink (a database of > 10 million patients in England), we aim to develop and validate a prediction model to estimate 2-, 5-and 10-year risk of cirrhosis. The model will provide individualised cirrhosis risk predictions for adult primary care patients, free from underlying liver disease or viral hepatitis infection, whose liver blood test results come back abnormal. We will externally validate the model in patients from 30 further Clinical Practice Research Datalink general practices in England. Discussion: The prediction model will provide estimates of cirrhosis risk in primary care patients with abnormal liver blood test results to guide referral to secondary care, to identify patients who are in serious need of preventative health interventions and to help reassure patients at low risk of cirrhosis in the long term.
Background
Cirrhosis secondary to liver disease usually develops slowly over many years. Liver disease is often asymptomatic and its presence unknown to the patient until the liver function becomes so severely compromised that the patient develops life-threatening complications such as gastrointestinal bleeding, jaundice and abdominal infections. The only cure for advanced cirrhosis is liver transplant, and without a new liver, only half of the patients survive past 5 years from the diagnosis [1] . Worryingly, in the UK, driven by the upward trend in obesity and alcohol consumption, the prevalence of non-viral liver disease and those who develop cirrhosis is increasing [2] , and whereas death rates in many other chronic diseases such as cardiovascular disease have improved over the last three decades, the number of premature deaths from cirrhosis continues to rise [3] .
Many of the known drivers of liver damage, such as alcohol consumption and obesity, are modifiable. The earlier the damage is known, the greater the potential for behaviour change interventions and other preventative treatment to be effective and limit or even halt the progression of the disease. Due to its silent and slow nature, however, the progression of liver disease is currently unpredictable and challenging to monitor and thus identifying the target population for these interventions is currently not possible. The latest National Institute for Health Care Excellence (NICE) guideline for assessment and management of cirrhosis calls for a validated risk tool that would allow general practitioners (GPs) to identify patients who are at high risk of developing cirrhosis [4] .
The first indicator of some form of liver damage is often an abnormal liver blood test result, and this could signal the need to refer to secondary care for further investigations or present an opportune timing for a preventative health intervention. However, while liver blood tests are the third most commonly ordered test in primary care since 2001 [5] and potentially over 20% of patients tested have an abnormal result [6] , only very few, possibly less than 5% of patients, are diagnosed with liver disease during the following 2 years [7] . On the other hand, as many as 50% of the cirrhosis cases develop unnoticed and are first identified only during an emergency hospitalisation due to disease complications [1] . Liver blood tests in isolation may not be a reliable method to identify patients at risk of cirrhosis, but together with other risk factors, they may allow the prediction of patient's risk of developing the disease.
McLernon et al. [8, 9] took this approach and developed a prediction model and a clinical scoring tool ALFI (Algorithm for Liver Function Investigations-tool, a user-friendly version of the prediction model) to predict the risk of a liver disease diagnosis in patients who have had a liver blood test. The tool was developed in electronic health records in the Epidemiology of Liver Disease in Tayside (ELDIT) database in Scotland [10] and validated in an independent set of 19 GP practices across other areas of Scotland with data from a different time period. The purpose of ALFI is to facilitate decision-making for an immediate referral from primary to secondary care by identifying patients at high 6-month and 2-year risk of liver conditions of varying severity, ranging from fatty liver, hepatitis infections and autoimmune liver conditions to cirrhosis and disease complications.
While ALFI is able to separate out with good accuracy those primary care patients with liver blood tests who are at high risk of any liver conditions in the short term, GPs still face a problem of what to do with those patients whose test results are abnormal [11] . It is not clear which of the large number of patients with abnormal liver blood tests should be referred to specialist care, who is in serious need of preventative health intervention and who can be reassured in the long term. Presence of mild-stage liver disease such as fatty liver is becoming increasingly common, and as it may take many years for the disease to progress to severe stage, cirrhosis, or the disease may not progress at all, this may not warrant an immediate referral. While positive results on commonly ordered follow-up tests to identify viral and autoimmune liver disease after liver blood test abnormalities drive immediate referral, these cases are relatively rare. In addition to ALFI, models and risk scores (such as NAFLD fibrosis score or NFS [12] , FIB-4 index [13] and the Model for End-Stage Liver Disease or MELD score [14] ) that predict the stage of liver fibrosis or death in patients with existing liver disease have been developed and are in actively used in clinical decision-making. But a model that would provide information on short-, mid-and longterm risk of developing a severe stage of liver disease, cirrhosis, in patients with abnormal liver blood tests in the absence of a clear indication of liver disease, to our knowledge, does not yet exist. The use of such a model in primary care could help not only to guide referrals but also to identify those who may benefit from targeted preventative health interventions, to help behaviour change and to reassure those patients at low risk.
We aim to develop and validate a prediction model to estimate 2-, 5-and 10-year risk of cirrhosis in adult primary care patients with abnormal liver blood test results in the absence of liver disease and viral hepatitis infection.
Objectives
The objectives of our study are to: Develop a prediction model to estimate the 2-, 5-and 10-year risk of cirrhosis in adult primary care patients, free from underlying liver conditions, at the time they first have an abnormal liver blood test result Internally validate the prediction model by examining the optimism in apparent performance and accordingly adjust the model Externally validate the prediction model in an independent dataset of adult primary care patients, free from underlying liver conditions, at the time they first have an abnormal liver blood test result
Methods/design
The development of a cirrhosis risk prediction model is part of a wider study protocol (number 17_067R) that has been approved by the Independent Scientific Advisory Committee (ISAC) of the Clinical Practice Research Datalink (CPRD). The current protocol provides a publicly accessible detailed analysis plan for the development and validation of this model. The model will be developed, validated and reported in line with the Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) statement [15] and the recommended extensions for external validation in big data [16] .
Source of data
CPRD is a large primary care database containing routinely collected patient data from general practices around the UK. In terms of age, sex and ethnicity, the patients are generally representative of the UK population [17, 18] . The size of practices is above the median GP practice size in England [19] . The secondary care data for our studies comes from the Hospital Episode Statistics (HES) Admitted Patient Care data. HES data contains information on all admissions to National Health Service (NHS) hospitals in England. The Office for National Statistics (ONS) provides death registry data for CPRD patients linked to HES. The source of data in our study, the anonymised linked dataset in CPRD (GP practices using the Vision software system), currently include records of over 10 million patients from 411 practices from all regions of England [20] . The linked data is available only for England and covers approximately 75% of the CPRD practices in England.
Development dataset
To develop our prediction model, we will use data from all the GP practices in our dataset except practices omitted for model validation (details on the criteria for selecting the validation practices to be omitted are provided in the section below). An alternative approach for model development and validation, internal-external cross-validation (IECV) [21, 22] , exists. In IECV, clusters of data are rotated between model development and validation in cycles where each cycle consists of developing the model in all except one data cluster and then validating the model in the remaining data cluster. While the advantage of IECV is that data from all GP practices is used to both develop and validate the model, the quantity of the data clusters of our primary interest, the GP practices, is very large. Choosing the approach where a number of practices are removed for a separate validation allows us to estimate how the model is likely to perform if used in a new GP practice [16] .
Validation dataset
We will omit 30 GP practices from our model development dataset and use these to externally validate our prediction model and to understand the transportability of the model to other GP practices [16] . To ensure diversity in regions, populations, settings and case-mix variation in the validation dataset, we will select the 3 GP practices from each geographical practice region (the regions consist of the 10 historical NHS strategic health authority regions in England reported in the CPRD data), with the largest number of events over the study period for the region, for validation. The validation practices will be selected and removed from the development dataset prior to further analysis of the data.
Follow-up
For primary care patients in CPRD, HES-linked data are available since April 1997 and ONS-linked data since January 1998. Accordingly, the study period is between January 1998 and February 2016. Patients will enter the study at any point during this period when they fulfil the eligibility criteria (specified below). The follow-up will end on the date the patients have the study outcome (cirrhosis), the date of death, the date of leaving the GP practice, the GP practice's last data collection date or the last date of the study period, whichever is earliest. Patients who do not have the study outcome will be censored.
Participants

Inclusion criteria
All adult (≥ 18 years old) primary care patients with a primary care record of at least one abnormal liver blood test result between January 1998 and February 2016, registered with a CPRD GP practice in England (that consents to data linkage to ONS mortality and HES Admitted Patient Care data), will be considered for inclusion. The entry date for each patient will be the date of the index test result.
The liver blood tests and abnormal cut-offs that define the entry of patients to the study are listed in Table 1 . In the initial investigations of liver health, a panel of different tests is ordered. The tests listed are the most common tests that may be included in the test panel. Abnormal results are defined by applying typical cut-off values currently used in primary care to the recorded units (the selected cut-off values are based on the reference ranges used in the testing laboratory of the Royal Free Hospital in London and are similar to the cut-off values used at the laboratories in hospitals in Tayside, Scotland [8] , Lambeth in London and Birmingham [7] ). The cut-off values have also been discussed and agreed with a hepatology consultant. When one or more of the liver blood test results come back abnormal, GPs might request a repeat test within the first 6 months of the first test. In a sensitivity analysis, we plan to assess the model performance when patients whose liver blood tests resolve (in repeat test/s, all values are within the normal threshold) are excluded. In another sensitivity analysis, we plan to derive the model coefficients for the predictors of the final model when these patients are excluded (full model development methods including bootstrapping to account for model optimism will be undertaken).
Exclusion criteria
Patients who do not fulfil the criteria for acceptable patient data quality (set by the CPRD based on registration status, recording of events, and valid age and sex [17] ) will be excluded. To account for the effect of moving practice and potential delay in transfer of patient records, patients who have not yet accumulated at least 1 year of up-to-standard follow-up since their registration at the GP practice will be excluded (up-to-standard date, calculated by the CPRD, is defined as the date at which the GP practice data is deemed to be of research quality in terms of continuity of recording and the recording of deaths [17] ). To avoid capturing patients with existing liver disease, patients who prior to or within the first 6 months after the index date have a record of the outcome, any other form of chronic liver disease or a condition that may indicate presence of liver disease (including a record of hepatitis B or C infection), a record of primary or secondary liver cancer and/or a record of liver transplant, will be excluded. Patients who at entry have bilirubin level > 35 μmol/L (indicating potentially visible jaundice, a possible complication of cirrhosis [9, 23] ) will also be excluded.
Outcome
The outcome in our prediction model is the first record of cirrhosis in primary care or secondary care or death records after the study entry. In primary and secondary care data, the outcome is defined as the diagnosis of cirrhosis or a cirrhosis-related complication, procedure or medication. In death records, the definition includes cirrhosis or chronic liver disease as the main cause of death and cirrhosis as a secondary cause of death. The complications and related treatments included in the outcome definition are listed in Table 2 . Jaundice, although a possible complication of cirrhosis, is more often seen in connection to other conditions (such as malignancy, gall stones or sepsis) and will not form part of our outcome [24, 25] . In a sensitivity analysis, we plan to evaluate the predictive model's performance when the outcome is defined using a narrower definition of cirrhosis (based strictly on cirrhosis as a diagnosis or cause of death). In a further sensitivity analysis, we plan to derive the model coefficients for the predictors of the final model using this narrower outcome definition (full model development methods including bootstrapping to account for model optimism will be undertaken). Code lists for the cirrhosis and its complications have been adapted from previous cirrhosis studies in CPRD [2, 26] together with hepatology and gastroenterology consultants. Our model will predict the risk of outcome at 2, 5 and 10 years from study entry.
Predictors
The majority of liver disease in the UK develops after prolonged exposure to lifestyle-derived risk factors [2, 3, 27] . Main risk factors include harmful alcohol consumption, obesity and type 2 diabetes (reviewed in the recent NICE guideline [4] ). Our planned candidate predictors include body mass index (BMI), diabetes, alcohol consumption and 36 other factors for routinely recorded socio-demographic characteristics, modifiable lifestyle factors, co-morbidity diagnoses, liver blood and other blood test results, medications and immunisations of patients that are accessible to the GPs and likely to be available at the index date (Table 3) . Mental health conditions have been included as they may be associated with increased alcohol consumption. Inflammatory bowel disease may be linked to a liver condition, such as primary sclerosing cholangitis, that may progress to cirrhosis [28] . Our list of predictors encompasses the same/similar predictors used to develop the ALFI tool [9] . Additionally, with access to the data recorded in primary care, we are able to include those potentially important predictors, such as alcohol consumption and body mass index (BMI), that could not be included in the development of ALFI (ELDIT consists of biochemistry, secondary care, prescription and mortality data but not routinely recorded data from primary care [10] ). Many of our candidate predictors coincide with the tests and measures included in the NHS health checks (routine check-up in England for adults aged 40-74 to detect early signs of stroke, kidney disease, heart disease, type 2 diabetes or dementia) and the related risk tools such as QRisk [29] . The list of candidate predictors was developed together with public health, hepatology and gastroenterology consultants. The related code lists were developed using the definitions and algorithms available on the CALIBER Data Portal www.caliberresearch.org/portal [30] and previously published code lists [18, 31] .
Since 2004, through the Quality and Outcomes Framework (QOF), GPs have been incentivised to manage selected conditions that are of major public health concern such as diabetes and obesity (although not liver disease) and as a consequence recording of some of our candidate predictors may have improved. In a sensitivity [7] . If approximately 15% of these have cirrhosis [9] , continuing our above estimate of 3443 cirrhosis patients with abnormal LFTs, then the approximate number of patients with a form of liver disease is 22,953. This will give us a population of approximately 765,111 patients (with an abnormal liver blood test result) with the estimated 3443 outcome events. As we are planning to omit 30 GP practices for model validation, assuming all of the 411 practices will be included in our dataset and an even distribution of outcome events across practices, we will have 251 events in the validation dataset (above the estimated minimum requirement of 100 events [32] ). For our development dataset, we will have 3192 events. We are interested in 39 predictor variables that may require potentially as many as 65 parameters to be estimated (counting in multiple categories and assuming each of our 14 continuous predictors requires an extra parameter for a non-linear term). This would provide our model with 49 events per variable.
As our cirrhosis outcome definition is broader than the definition used in the studies, our sample size calculation is partly based on (in these studies outcome definitions did not include cirrhosis-related deaths [2, 9, 26] and cirrhosis-related records in primary care [9] ), it is likely that our sample size calculation is conservative and the events per variable in our model will be larger than the estimated. It is also possible that the distribution of events across practices may not be even, and as the three practices with the largest number of events per region are omitted for validation, it is likely that the proportion of events in the validation dataset may be larger and the proportion of events in the development dataset may be smaller than the estimated. We may also consider reducing the number of parameters to be included in the model (further details below).
Missing data
In co-morbidity, procedure, medication and immunisation variables, we will assume that missing records are not missing data but indicate a true absence of a diagnosis, procedure, prescription or vaccination and will assign the reference category to the missing values in each variable. In case of the laboratory measures and lifestyle variables, it is likely that the values are not missing completely at random but that the missingness can be explained by the observed values of the variables in our data such as age, co-morbidities and medication variables. For instance, older patients are likely to suffer from more co-morbidities, may be likely to visit their GPs more regularly and have a more complete recording of these variables than healthy patients (the QOF scheme and NHS health checks are likely to have further amplified this pattern). Analysis of only complete cases in this context could lead to biassed estimates [33] , and so we plan to use multiple imputation to impute missing predictor data [34] . Multiple imputation will be performed both in the development dataset and validation dataset prior to model development and validation. The imputation model will include all predictors and outcome data. The number of imputations will be determined by the fraction of missing data. We will use Rubin's rules [35] to pool estimates across the imputed datasets to produce the estimates for the final model and model performance statistics. Calibration plot will be presented for only one of the imputed datasets if representative of those produced in other imputations. We will investigate the potential mechanisms of missingness and plan to perform sensitivity analysis to explore the robustness of the multiple imputation.
Statistical analysis methods
Handling of predictors
Rare categories in categorical variables may be grouped together. Candidate predictors recorded as continuous measurements will be kept as continuous in the analyses. We will allow for non-linear relationships between continuous predictors and the outcome by using multivariable fractional polynomials method to select the most suitable functional form for the continuous predictors.
Type of model
We will use the Cox proportional hazards regression model as the follow-up time between patients varies, and we are aiming to predict the risk of the outcome in a relatively long term.
Predictor selection before modelling
We may reduce our pool of candidate predictors before the analyses. We may remove the variables that are not informative (all or nearly all patients have the same predictor value). Variables with large amounts of missing data may be removed if it seems likely that these data would generally not be measured at a setting where the model is intended to be used (such as certain laboratory tests) and including the variable may limit the use of the model in practice. We will also consider removing the variables that are correlated (Spearman's rank correlation) or combining variables that are similar as they may explain some of the same variations in the outcome and not all necessary in the model. Clinical judgement and consideration of general practicality in recording or measuring the variable will be used to select variables to be removed or combined.
Predictor selection during modelling
Age, sex and variables (alcohol consumption, BMI and diabetes) that can be considered well-known predictors of cirrhosis will be forced into the prediction model regardless of the significance level. We will begin the modelling procedure with a full model that includes all candidate predictors and apply backward elimination to the rest of the predictors using Wald test p value > 0.157 (a proxy for the Akaike Information Criterion) as the elimination criteria. Multivariable fractional polynomials method will be used as part of the variable selection.
Calculation of predictions
To make individual predictions, we will centre the predictors by their mean and fit the model and use the Kaplan-Meier survival function to estimate the baseline hazard of cirrhosis 1 − S 0 (t) exp(β1(X1i − X1 + β2(X2i − X2)+…) (probability of cirrhosis for an individual with "average" characteristics) at 2, 5 and 10 years. Full model coefficients including the baseline hazard at 2, 5and 10 years will be reported.
Internal validation
The apparent calibration (how well the model predictions match the observed data) will be assessed by calculating the calibration slope. Perfect calibration to the development data (calibration slope = 1) is expected. To evaluate the apparent discrimination performance (how well the model separates between individuals who develop cirrhosis and those who remain cirrhosis free), we will plot Kaplan-Meier curves for four groups defined by Cox's centiles [36] (separation between prognostic groups), calculate Royston's D statistic [37] , the corresponding hazard ratio (separation between two prognostic groups defined by median linear predictor) and R 2 D [37] (variation explained by the model) and Harrell's C-statistic with 95% confidence interval [38] (level of discrimination).
To examine optimism in the apparent performance and internally validate the model, we plan to use bootstrapping. The model development will be repeated in 100 bootstrap samples to estimate the average optimism in the apparent C-statistic and apparent calibration slope. The estimate of average optimism will be subtracted from the apparent performance statistics to produce optimism-adjusted statistics for the performance of the model. To adjust the final model for optimism, we will use the optimism-adjusted calibration slope as the uniform shrinkage factor to correct the model's beta-coefficients and re-estimate the baseline hazard. In case the number of imputations for missing data is large and makes the estimation of the uniform shrinkage factor by bootstrapping computationally impractical (impossible), we will use the heuristic shrinkage factor (S = [model
[39] to correct for optimism in the model.
External validation
To investigate the model performance in new data, we will externally validate the model in the 30 practices omitted from the model development dataset. The model performance will be assessed at 2-, 5-and 10-year time points. We plan to assess the model performance in the whole dataset and, given the size of our dataset allows for a reasonable sample size (100 events), also in the following subgroups: women and men, age groups (18-39 years, 40-65 years, 65+ years), obese (BMI ≥ 30) and not obese patients, and patients who do not drink alcohol, who drink alcohol within the current guidelines (≤ 14 units/week) and those whose alcohol consumption is above the current guidelines (> 14 units/week). To understand the transportability of the model and consistency in the performance in new GP practices and regions, given there are at least 4 practices and regions with a reasonable sample size (100 events) [22] , we plan to summarise the average calibration and discrimination performance across practices and regions and derive 95% prediction intervals for the performance expected in a new practice and a new region. Sample size will be considered in the evaluation and interpretation of model performance.
Calibration
Calibration of the model will be assessed graphically by plotting the predicted outcome probabilities against observed outcomes. Calibration plots covering tenths of predicted risk in the whole population, for men and women separately, for subgroups of age, for patient groups based on obesity and the level of alcohol use and for each region and GP practice will be presented. Calibration slope for the whole dataset, men and women separately, for subgroups of age, for patient groups based on the level of alcohol use, and for each region and GP practice will be calculated. We will use random-effects meta-analyses [40] to summarise the average calibration performance across the regions and across GP practices and estimate the 95% prediction interval for the performance expected in a new region and a new practice. Forest plots will be used to display the results of the meta-analyses.
Discrimination
To evaluate the model's ability to discriminate between individuals who develop cirrhosis and individuals who remain cirrhosis free, we will calculate Royston's D statistic and R 2 D and Harrell's C-statistic with a 95% confidence interval. The discrimination performance will be assessed in the whole population, in men and women separately, in subgroups of age, inpatient groups based on obesity and the level of alcohol use, and in each region and GP practice. Random-effects meta-analyses will be performed to summarise the average discrimination performance and estimate the approximate 95% prediction intervals for the performance expected in a new region and in a new practice. Forest plots will be used to present the results of the meta-analyses.
Model updating
In case the calibration plots in the validation data indicate systematic over-or underestimation of risk, we plan to explore the effect of recalibration by updating the baseline hazard for the entire validation dataset or a subgroup. The baseline hazard will be updated by fitting the original model to the validation data with the linear predictor as an offset term. The updated model will then be used to estimate the updated baseline hazard at 2 and/or 5 and/or 10 years, and the calibration performance will be evaluated comparing an updated calibration plot with the original calibration plot.
Discussion
Both patients and health care systems would greatly benefit from better understanding of patients' risk of developing cirrhosis. With validated risk predictions guiding referrals and preventative health interventions, life-threatening disease complications and premature deaths could be avoided and the need for hospitalisation, invasive investigations and treatment reduced. To provide enough time for preventative interventions targeting modifiable lifestyle risk factors to be successful, early identification of patients at risk of developing cirrhosis is required. The development and validation of a prediction model to accurately estimate the 2-, 5-and 10-year risk of cirrhosis in adult primary care patients with abnormal liver blood test results, described in this protocol, aims to address this.
In future work, the transportability of this model to a different geographical setting (such as a new region or a country) or to a different and/or wider population (for example primary care patients with any liver function test results or all primary care patients) could be further evaluated. With input from patients, GPs, hepatologists and providers of preventative health intervention services, we would like to explore the use and benefit of this prediction model in clinical practice and decisionmaking and ultimately assess the model's cost-effectiveness and impact on health outcomes. 
